Introduction
Numbers are absolutely essential when it comes to different kinds of judgments (e.g., of research groups or institutions) in science (Marewski & Bornmann, in preparation) . One of the most frequently used sources for numbers are publication and citation data from bibliometrics. The term altmetrics (the abbreviation of alternative metrics) was created by
Jason Priem who introduced it in the scientometric community in the altmetrics manifesto (Priem, Taraborelli, Groth, & Neylon, 2010) . According to Wilsdon et al. (2015) the term altmetrics "is variously used to mean 'alternative metrics' or 'article level metrics', and it encompasses webometrics, or cybermetrics, which measure the features and relationships of online items, such as websites and log files. The rise of new social media has created an additional stream of work under the label altmetrics. These are indicators derived from social websites, such as Twitter, Academia.edu, Mendeley, and ResearchGate with data that can be gathered automatically by computer programs" (pp. 5-6).
At least two developments lead to the interest of scientometricians and the consumers of their studies in altmetrics: (1) In the context of post-academic science with its focus on accountability, governments and funders are interested in measurements of returns on investment from research, i.e. in measurements of economic benefits of publicly funded research (Mohammadi, Thelwall, & Kousha, 2016; Ziman, 2000) . Altmetrics have been proposed as a possibility to measure impact of research on sections of society (Darling, Shiffman, Côté, & Drew, 2013; Weller, 2015) ; a convincing empirical validation of this proposal is still missing though. For Wilsdon et al. (2015) "the systematic use of alternative indicators as pure indicators of academic quality seems unlikely at the current time, though they have the potential to provide an alternative perspective on research dissemination, reach and 'impact' in its broadest sense" (pp. 45-46) . (2) There is a swift observable in recent years from print to online in the publication process as well as in the reading and discussion of publications. Early studies in webometrics (Bollen, Van de Sompel, Hagberg, & Chute, 2009) revealed the richness of the digital patterns for scientometric studies (Adie, 2014) .
The sources of altmetrics are usually social media platforms, but they are not restricted to these platforms (Work, Haustein, Bowman, & Larivière, 2015) . Typical sources are, for example, Twitter, Mendeley, Facebook, F1000, policy documents, blogs. In altmetrics, views, downloads, clicks, notes, saves, tweets, shares, likes, tags, posts, recommends, trackbacks, mentions, discussions, bookmarks, and comments are counted from these and other sources (Bornmann, 2014a) . Wilsdon et al. (2015) considers comments, recommends, bookmarks, and tweets of especial importance. Today, altmetrics are used by publishers (e.g. Wiley, Springer, or BioMed Central) which add altmetrics to their papers .
Altmetrics are provided by companies, like ImpactStory, Plum Analytics, and Altmetric, and recommended by Snowball Metrics Recipe Book (Colledge, 2014) . In this book, some universities (in cooperation with Elsevier) try to standardize their way in measuring institutional output and impact.
This study focusses on Mendeley -one of the most important online reference managers which data is frequently used for altmetrics studies -to propose a method of measuring impact field-normalized on specific status groups. For example, the method allows to measure the impact of scientific papers on students -controlling for the field in which the papers have been published and their publication year.
Research questions
Bibliometrics is successful in measuring impact, because the target is clearly defined:
the publishing scientist who is still active and working. Thus, citations is a target-oriented metric which measures impact on science (Lähteenmäki-Smith, Hyytinen, Kutinlahti, & Konttinen, 2006) . In contrast, societal impact measurements based on altmetrics are as a rule intended to measure impact in a broad sense on all areas of society (e.g. science, culture, politics, and economics). For example, Mendeley data are used to measure the broad impact of research published by institutions (Colledge, 2014 We deem appropriate that not only the impact measurement using citations is targetoriented (citations measure the impact of papers on scientists), but also the measurement of impact using altmetrics. Altmetric and Scholastica (2015) give the following relevant examples here: "Someone publishing a study on water use in Africa may be particularly keen to see that many of those tweeting and sharing the work are based in that region, whereas economics scholars might want to keep track of where their work is being referenced in public policy or by leading think-tanks" (p. 24). Another example is presented by Roemer and Borchardt (2015) focusing on conferences: "From this perspective, it's no longer enough to say, 'I presented at a conference!' Instead, researchers must use measurements like audience size, presentation feedback, and Twitter mentions to provide evidence that others found their presentation meaningful in some way" (p. 18). Without the restriction of impact measurements to specific target areas (e.g. science, education), these measurements do not make sense in the research evaluation context: Whereas citations measure impact on science, it is not clear which kind of impact data from altmetrics sources measure. The general uncertainty in scientometrics (and beyond) about the meaning of altmetrics is probably based on the tendency to use composite indicators (e.g. the Altmetric attention score) or counts without target-restrictions when altmetrics are used.
Mendeley which was bought by Elsevier in April 2013 (Rodgers & Barbrow, 2013 ) is a website (http://mendeley.com) and a program which allows registered users to enter information about publications of interest. The saved publication information can be used to create reference lists for academic works (e.g. bachelor or master thesis) and can be shared with others . Used as altmetrics, data from Mendeley show how often publications are saved by users which might be an indication of readership. The survey of 860 Mendeley users by Mohammadi et al. (2016) shows that "it is reasonable to use
Mendeley bookmarking counts as an indication of readership because most (55%) users with a Mendeley library had read or intended to read at least half of their bookmarked publications.
This was true across all broad areas of scholarship except for the arts and humanities (42%)."
According to Wouters et al. (2015) "Mendeley readership bookmarks seem to be the most promising altmetric indicator" (p. 89). For Haustein (2014) , "Mendeley may be the most promising new source for evaluation purposes as it has the largest user population, the greatest coverage, highest number of readers per document, and strongest correlations between usage and citation counts." Mendeley data are especially suitable as source for calculating (target-oriented) metrics, because the coverage of publications is generally high (compared to other altmetrics). This has been demonstrated by several studies as the overviews by Work et al. (2015) and Thelwall and Kousha (2015) show. Since Mendeley data also allow the differentiation in self-assigned professional status groups (e.g. students,
professors, or researchers), Mendeley is particularly interesting in (broader) impact measurements target-oriented. For example, one can measure the impact of publications on the third level education -if the measurement of impact is restricted to students.
This kind of target-oriented measurements will be explained in this study: In concrete terms, the field-normalized reader impact indicator proposed by us ) based on Mendeley data is extended here to a target-oriented field-normalized impact
indicator. This indicator can show -as demonstrated in section 5.4 -the ability of academic institutions to publish papers which are below or above the average impact of papers on the educational sector.
Literature overview on Mendeley studies
Mendeley is a reference management tool for people organizing, sharing and discovering research (Gunn, 2013) . The high number of Mendeley members points out that this tool is more attractive than other tools (e.g., CiteULike) for people working with publications (Kumar Das & Mishra, submitted; Van Noorden, 2014) . The attractiveness among people working with published material is also an important reason, why the tool is one of the most frequently used sources for altmetrics. In all likelihood, "more frequently saved articles are likely to be more frequently read" (Li, Thelwall, & Giustini, 2012, p. 464) .
Further points for its attractiveness are that (1) the publications in Mendeley are not limited by the indexes of bibliographic databases (e.g. Web of Science, Thomson Reuters, or Scopus, Elsevier), (2) readers do not have to be authors in order to count their reading (as it is the case with citations) (Li et al., 2012) , (3) readership data are generated as by-products of workflows (in journalism, teaching, or learning) (Haustein, 2014) , and (4) readership of publications can be counted relatively fast after publication, typically they only take a few weeks or months to accumulate (Lin & Fenner, 2013) .
According to Mohammadi and Thelwall (2014) the data from social bookmarking tools may "help to overcome the lack of global and publisher-independent usage data."
However, the data should be handled with care, because posting publications on Mendeley can have various motives: "Other people might be interested in this paper. I might read this paper in the future. I have read this paper and want it to be easily findable. I want other people to think I have read this paper. It is my paper, and I maintain my own library. It is my paper, and I want people to read it. It is my paper, and I want people to see that I wrote it. I might skim read this paper in the future because I suspect it might back up an argument I'm thinking about making and it looks like it would make a useful citation" (Taylor, 2013, p. 20) . Further critical points in dealing with Mendeley data are that the user-generated data are not quality controlled and can be very easily spammed by users or fake Mendeley profiles Furthermore, there is a high coverage of publications in many sub-disciplines of psychology.
Similar results have been reported from the analysis of 20,000 random publications from the WoS (Zahedi, Costas, & Wouters, 2014b) , documents authored by presenters of the 2010 STI conference in Leiden , and nearly 500 papers published in Aslib proceedings (Haustein & Larivière, 2014b) . In these studies, the proportion of publications with at least one reader in Mendeley is 63% (Zahedi et al., 2014b) , 82% , and 77% (Haustein & Larivière, 2014b) . For Priem (2014) , the good coverage of publications on Mendeley gives birth to a rival of commercial databases like WoS and Scopus.
Ad 2) A comparable high number of publications have dealt with the analysis of correlations between readership and citation counts. For example, Weller and Peters (2012) considered nearly 1000 publications from 41 authors in their analysis and found a correlation coefficient of approximately 0.5 between readership and citation counts. For Nature and Science publications, the correlation coefficients are similarly high (Li et al., 2012) . Literature overviews on studies reporting correlation coefficients can be found in Bar-Ilan, Shema, and Thelwall (2014) and . The meta-analysis of Bornmann (2015a) tries to formulate a general and summarizing statement on the correlation between readership and citation counts. Meta-analysis is a statistical approach that combines evidence from many different studies to obtain an overall estimate of treatment effects. The results show that the pooled coefficient over several altmetric studies is approximately 0.5. With this result, readership counts are correlated stronger with citation counts than other altmetrics (e.g.,
Twitter and blog counts). For Priem (2014) , the moderate correlation between readership and citation counts "is likely because of the importance of reference managers in the citation workflow. However, the lack of perfect or even strong correlation suggests that this altmetric, too, captures influence not reflected in the citation record."
The proposal in this study not to use the complete set of readers, but to focus on specific reader groups, can be seen as an important step to differentiate in a better way between citation impact and reader impact. Target-oriented reader impact can focus on the research sector (e.g., by including impact on professors) or on the educational sector (e.g. by including impact on Bachelor students). 
Results

Differences in reader counts between status groups
Earlier, we have empirically demonstrated that there are significant differences in reader data between WoS categories . For reviews published in 2012, e.g., we found with 85.22 the highest average number of readers in "Psychology, Experimental" and with 0.27 the lowest (nonzero) number in "Literature" . Against the backdrop of our results and similar results of other studies (e.g., Zahedi & van Eck, 2014) , we saw the necessity of normalizing reader counts with respect to subject categories and proposed corresponding indicators.
As we have already outlined in section 2, we would like to extend the concept of normalization of altmetrics data (Mendeley data) by focusing the impact measurement on certain sectors of society or status groups. It is the goal of the extended concept that one is able to measure normalized impact on certain groups (e.g., students, professors, or lecturers) and sectors (e.g., educational or research) as aggregated reader groups. However, the targetspecific impact measurement only makes sense if there are differences in reader counts between Mendeley status groups. counts by librarians; we have 1,388,426 papers in our dataset with 9.79% of papers having at least one librarian's reader. Thus, the average reader count per paper is 0.11. The results in Table 1 reveal significant impact differences between the status groups (which depends on the percentage of papers with zero reader counts): The range is from 0.08 average reader counts for senior lecturers to 3.46 for PhD students. Such readership differences between Mendeley status groups which have also considered field specific differences have been also observed by Zahedi and van Eck (2014) : "It is interesting to see that the readership activity of PhD students and professors shows an almost opposite pattern. PhD students have relatively more attention for engineering and less attention for the medical sciences. For professors it is the other way around. Furthermore, professors seem to have a relatively strong focus on mathematics and statistics" (see also Haustein & Larivière, 2014a; Zahedi, Costas, & Wouters, 2014a ).
In Table A1 in the appendix, we additionally present the average reader counts for the Mendeley status group "Bachelor students" broken down by WoS subject categories. The table demonstrates that there are not only differences between status groups in reader impact over all WoS subject categories (as shown in Table 1 ), but also impact differences for papers (articles and reviews) published in different subject categories. Since we focus in the following on bachelor students, the field-specific impact differences are illustrated based on this group (of course, these differences are also visible for all other groups). For example, whereas the average reader count of articles in the WoS subject category "Biodiversity conservation" is 2.51, it is significantly lower in "Biology" with 1.55.
The observed differences in reader impact between status groups justify the proposal in this study to normalize reader impact not only with respect to subject categories, but also to status groups by measuring the field-specific impact target-oriented. The definition of the proposed target-oriented normalized indicator is explained in the next section 5.2.
Definition of target-oriented MNRS
For normalization of citations in bibliometrics, the citation impact of a certain paper is compared with the expected number of citations. The expected impact is the average impact of papers published in the same subject category and publication year as the focal paper.
These papers determining the expected value constitute the reference set. The ratio of the citations of the focal paper and its expected citations yields the Normalized Citation Score (NCS). Today, the NCS is the most frequently used method in bibliometrics to normalize citation impact. A NCS of 1 for a paper indicates an average citation impact. A NCS of 1.5 means that the citation impact is 50% above the field average in the particular year (Waltman, van Eck, van Leeuwen, Visser, & van Raan, 2011a; Waltman, van Eck, van Leeuwen, Visser, & van Raan, 2011b) .
If a focal paper has been categorized into more than one subject category (e.g., by
Thomson Reuters in WoS), the average of all subject-specific NCS values is used. The multiple assignment of papers to subject categories leads to an average NCS of a focal paper which differs from 1. To avoid this deviation, fractional counting (Waltman et al., 2011b) , multiplicative counting (Herranz & Ruiz-Castillo, 2012) , or full counting with a scaling of all NCS values ) can be applied. For the Mendeley data used in this study, we decided to apply the multiplicative counting method, although the other counting methods could have been also used. We do not expect completely different conclusions if other counting methods were to be used.
If papers are aggregated to paper sets in order to calculate the normalized impact of a researcher or university, the average of the NCS values in the set is calculated. This average value is called "Mean Normalized Citation Score" (MNCS). Following the definition of the MNCS, we proposed the "Mean Normalized Reader Score" (MNRS) . Our normalization procedure for Mendeley data starts with the calculation of the average number of readers per paper (ρ c ) in every WoS category (c):
R ic denotes the raw Mendeley reader count of paper i, which has been assigned to WoS category c, and N c is the number of articles or reviews, respectively, assigned to the category (see Table A1 in the appendix). Then, the Mendeley reader count is divided by the average reader number per paper in WoS category c (ρ c ). This yields the normalized reader score (NRS) for paper i in subject category c: = Problems in the calculation of NRS ic can arise when a subject category has too few reader counts on average (Haunschild, Schier, & Bornmann, 2016) . Therefore, we calculate an NRS ic value only if the average reader count in subject category c (ρ c ) is at least one.
Papers in subject categories with ρ c < 1 have no impact value in this subject category.
Since we use the multiplicative counting method, the average over all NRS values equals exactly one. For specific aggregation levels (e.g., researcher or institute), the overall reader impact can be analyzed by calculating the mean NRS (MNRS). Whereas we used all Mendeley readers of a paper to calculate the NRS previously , we propose in this study to use the data of specific user groups to measure impact target specific. This does not change the outlined normalization procedure, but restricts the data analysis to a subset of all readers. As an illustrative example, we show a step by step calculation of the NRS for the article with DOI 10.1016/j.psym.2013.05.004. We recorded a total reader count of 10 for this article. Broken down into academic status groups we have: 3 bachelor students, 2 master students, 3 researchers, 1 librarian, and 1 other reader count. We discard all reader counts except the one from bachelor students. Thus, R ic = 3. The article is classified in the WoS subject categories "Psychiatry" (ve) and "Psychology" (vi).
The average bachelor student reader counts for articles in these WoS subject categories are 2.167 and 2.162, respectively. Therefore, we obtain NRS ve = 1.38 and NRS vi = 1.39. This paper has a reader impact slightly above average in both categories regarding bachelor students. Using the multiplicative counting method, papers assigned to multiple categories do not have a single impact value. For example, if this paper belongs to the publication set of a country and the MNRS is calculated for this set, the paper is not considered only once but three times (with potentially different impact values in each subject category) in the calculation of the average NRS value.
In the theoretical analysis of normalized indicators, one is interested whether the indicator satisfies several properties as desirable conditions for proper impact measurements (Waltman et al., 2011b) . For example, an indicator of average impact is said to be consistent if the ranks of two paper sets of equal size (e.g., of two different journals) do not change if both paper sets are expanded by an additional paper with the same citation counts in the same subject categories. Each new indicator should be confronted with these properties. However, since the (target-oriented) MNRS differs only in the data source from the MNCS (and not in the definition), it is not necessary to study the (target-oriented) MNRS theoretically.
According to Waltman et al. (2011b) , the MNCS satisfies the proposed properties. Therefore, the MNRS also satisfies these properties.
If Mendeley data are used to measure impact target oriented, one can analyze the data on three levels -as proposed by Haustein and Larivière (2014a) (see Table 2 ): The first level is the Mendeley status group which is provided by Mendeley itself. Each user of Mendeley is asked to assign him-or herself to one status group. Thus, Mendeley reader data for the status groups can be used to calculate normalized reader scores. Following the proposal of Haustein and Larivière (2014a), the status groups can be aggregated on a second level to user types and on a third level to sectors. Depending on the purpose of a study which is intended to measure a specific kind of broader impact, the normalization procedure can be carried out on all three levels including various groups. Recently, Mendeley remapped the academic status groups, e.g., the status group "Assistant Professor" was merged with another status group and the status groups "Post Doc", "Researcher (at a non-Academic Institution)", and "Researcher (at an Academic Institution)" were merged into the new status group "Researcher".
In this study, we decided to explain the procedure using especially the data for the Mendeley status group "Student (Bachelor"). Furthermore, we propose to distinguish the sector "Educational" between receiving and donating education. The Mendeley status group "Student (Bachelor)" is the purest group receiving education. In the following, we show also results for the sector "Education donating" (ED). The sector ED is composed of "Researcher", "Associate Professor", "Lecturer", "Professor", and "Senior Lecturer". The sector ED cannot be pure as most academic status groups are involved in more than one sector, e.g., professors
are involved in research and education. 
Validation of target-oriented MNRS
As described in section 4, we used data from Altmetric which includes not only Mendeley data but also data from F1000Prime (Bornmann, 2014b (Bornmann, , 2015b . F1000Prime is a post-publication peer review system in which 5,000 Faculty Members (senior scientists and leading experts in all areas of biology and medicine) "recommend the most important articles, rating them and providing short explanations for their selections" (http://f1000.com/prime).
Besides recommendation and rating of papers, Members can label the papers with specific tags: e.g., "Interesting Hypothesis" (the paper presents new models), "New Finding" (the paper presents original data, models or hypotheses), "Novel Drug Target" (suggests new targets for drug discovery) (http://f1000.com/prime/about/whatis/how). Another tag is "Good for teaching" which labels well written key papers in a field.
In this study, we selected for this study all papers in our dataset with at least one tag and separated two groups (see Table 3 ): The one group concerns of all papers with the tag "Good for teaching" (perhaps besides other tags). All other papers with at least one tag are pooled in the other group, called "Non-Good for teaching." For both groups, we calculated the target-oriented MNRS BS for the status group "Student (Bachelor"), the MNRS ED for the educational donating sector, and the MNRS ALL based on the reader counts of all other status groups (see Table 3 ). We selected the group of bachelor students, because only this selection makes sure that reader impact on teaching is measured. The problem with all other groups (e.g., "Associate Professor") is that they are active not only in teaching but also in research.
For comparison, we additionally included in Table 3 All comparisons in Table 3 show that papers with the tag "Good for teaching" achieve a higher impact than the "Non-Good for teaching" papers. This result is reasonable, because the papers are -according to the assessments of the Faculty Members -well written key papers in a field. The reader and citation impact differences between both groups in Table 3 are in the expected direction. With a value of 1.55, we see the greatest difference for MNRS BS . Since bachelor students are a group of academics, which are concerned by teaching in higher education, the "Good for teaching" tag separates "Good for teaching" and "NonGood for teaching" papers best. A smaller difference in reader impact than for MNRS BS is expectedly shown for MNRS ED (1.15) and MNRS ALL (1.08). The difference decreased to a negligible value in case of the MNCS. For researchers, other criteria than well written key papers seem to be more important (e.g. whether a paper contains interesting new findings or not).
Target-oriented reader impact of journals, countries and German institutions
In this section, we would like to present some results which demonstrate how reader counts can be used to measure target-oriented impact and how the results can be interpreted.
We show the impact of journals', countries', and German research institutions' research on bachelor students (MNRS BS ) and the sector "Education donating" (MNRS ED ). In the second analysis, we investigated the target-oriented reader impact of papers published by countries worldwide. The results are presented in Table 5 . In comparison to Table 4 , we observe significantly lower MNRS BS and MNRS BS . Also, we can differentiate between countries producing papers with more or less impact on bachelor students/ in the education donating sector than average. Thus, the countries are able to produce more or less useful papers for these students -on average and across subject categories. Researchers from Great Britain are able to publish papers with the higher target-oriented impact on bachelor students (MNRS BS =1.45) and in the educational donating sector (MNRS ED =1.56). On average, their papers produce 45%/ 56% more impact on Bachelor students/ on the educational donating sector than can be expected in the corresponding subject categories. The country with the lowest impact on both groups in Table 5 is China: Researchers from China publish papers which are significantly less useful for Bachelor students (100%-64%=36%) and the educational donating sector (100%-61%=39%) than the average paper in a subject category. In the final analysis, we computed the target-oriented reader impact of papers published by German institutions. We focus on Germany, because we only have paper assignments to institutions from this country in the MPDL in-house database (and not from other countries) which are cleaned for address variants and are thus reliably collected for research evaluation purposes. Table 6 shows the twenty institutions in Germany with the highest MNRS BS . Also, the MNRS ED is added for comparison. All institutions have impact scores above average; the institutions publishing papers with the highest impact on bachelor students are the universities of Bonn (MNRS BS =1.39) and Göttingen (MNRS BS =1.34). The university with highest reader impact on the educational donating sector is TU München (MNRS ED =1.56).
Discussion
In scientometrics, citations are the standard data source for measuring the impact of papers on scientists. Thus, citations are a target-oriented impact indicator which is restricted to the scientific sector. Altmetrics have been proposed to measure the impact of papers on other sectors of society or other groups of people than scientists, respectively (Bornmann, 2014a) . Altmetrics may reflect wider impacts "because non-academics widely publish online and may sometimes discuss researchers and research-related issues" (Thelwall, Kousha, Dinsmore, & Dolby, 2016) . Currently, it is the tendency in analyzing altmetrics data to measure impact on many sectors of society by not differentiating between different target groups (e.g., tweets by science communicators, scientists, or members of the public). This tendency is especially reflected in the efforts to design composite indicators (Williams, 2016) , although altmetrics data are especially suitable to measure impact specifically (targetoriented): "Citations do not measure readership and do not account for the impact of scholarly papers on teaching, professional practice, technology development, and nonacademic audiences" (Weller, 2015, p. 264) .
In this study, we introduce impact scores which are intended to measure impact of papers target-oriented. Here, we follow proposals, such as those published by Thelwall et al. (2016) , to give a clear indication of the type of impact reflected by the used indicator. Our study is based on Mendeley readership data. Since this data is affected by field differences independent of the quality of the publication -as many other altmetrics and bibliometrics data -we propose to apply the field-normalized reader score (MNRS) in a target-oriented manner. Mendeley readership data are especially suitable for the calculation of these reader scores, because Mendeley provides information about which papers were used (read) and by how many Mendeley users (Haustein, 2014) . Mendeley provides such readership data broken down by academic status, scientific discipline, and country. The target-oriented indicator can be calculated on different levels: It can be used to measure the normalized impact on different Mendeley status groups (e.g., Bachelor students).
However, the data for the groups can also be aggregated to user groups (e.g., professors) and sectors (e.g. education) (Haustein & Larivière, 2014a) . However, the aggregation faces the problem that many groups cannot be unequivocally assigned to sectors. For example, professors are not only active in the educational, but also in the research sector.
The target-oriented measurement of impact is not only restricted to Mendeley data.
Also, other altmetrics data can be used. For example, Bornmann, Haunschild, and Marx (in press ) explore the use of academic paper mentions in policy-related documents as a possible altmetrics source. These paper mentions are provided by Altmetric for impact measurements on the policy sector. Also, Twitter data could be used for target-specific measurements . Altmetric assigns Twitter users to specific groups of people (e.g., practitioners, members of the public, researchers, or science communicators).
By field-normalizing altmetrics data and measuring impact target-oriented (Bornmann et al., in press ), the methods of measuring impact with altmetrics data are developed towards an advanced levelsimilar to the advanced level in bibliometrics. However, there remain questions in scientometrics concerning the meaning of altmetrics data and their significance for research evaluation purposes: Does a save or read mean the same as a citation Rodgers & Barbrow, 2013) ? According to Rousseau and Ye (2013) "'shares' lack authority and scientific credibility so that the use of altmetrics may still be somewhat premature." For Shema, Bar-Ilan, and Thelwall (2014) , "the lack of context makes it difficult to determine the underlying use made of a bookmarked article. The users might be called readers but it is possible that they have not read the item they bookmarked or that they have read it but did not make use of it. On the other hand, it could be that they use reference managers to easily access important articles over and again". In future studies, real readers might be better identified if only those reads are counted where "users make the effort to annotate documents with tags" (Haustein, 2014) .
Research on the use of altmetrics in research evaluation is still in an early phase, but is quickly developing (Bornmann & Haunschild, in press; Weller, 2015) -similar to the h index research after the introduction of the new index (Bornmann & Marx, 2012; Hirsch, 2005) .
According to Haustein, Larivière, Thelwall, Amyot, and Peters (2014) qualitative studies are especially important to explore the motivations and reasons for sharing, saving, tweeting etc.
Conclusions
We extend in this study the field-normalized reader impact indicator based on Mendeley data (the mean normalized reader score, MNRS) to a target-oriented fieldnormalized impact indicator. For example, MNRS ED measures reader impact on the sector of educational donation, i.e., teaching. This indicator can show the ability of journals, countries, and academic institutions to publish papers which are below or above the average impact of papers on a specific sector in society. For example, the method allows to measure the impact of scientific papers on PhD students -controlling for the field in which the papers have been published and their publication year.
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